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Background: Personas, based on customer or population data, are widely used to inform design decisions in the commercial
sector. The variety of methods available means that personas can be produced from projects of different types and scale.
Objective: This study aims to experiment with the use of personas that bring together data from a survey, household air
measurements and electricity usage sensors, and an interview within a research and innovation project, with the aim of supporting
eHealth and eWell-being product, process, and service development through broadening the engagement with and understanding
of the data about the local community.
Methods: The project participants were social housing residents (adults only) living in central Cornwall, a rural unitary authority
in the United Kingdom. A total of 329 households were recruited between September 2017 and November 2018, with 235 (71.4%)
providing complete baseline survey data on demographics, socioeconomic position, household composition, home environment,
technology ownership, pet ownership, smoking, social cohesion, volunteering, caring, mental well-being, physical and mental
health–related quality of life, and activity. K-prototype cluster analysis was used to identify 8 clusters among the baseline survey
responses. The sensor and interview data were subsequently analyzed by cluster and the insights from all 3 data sources were
brought together to produce the personas, known as the Smartline Archetypes.
Results: The Smartline Archetypes proved to be an engaging way of presenting data, accessible to a broader group of stakeholders
than those who accessed the raw anonymized data, thereby providing a vehicle for greater research engagement, innovation, and
impact.
Conclusions: Through the adoption of a tool widely used in practice, research projects could generate greater policy and practical
impact, while also becoming more transparent and open to the public.
(JMIR Public Health Surveill 2021;7(2):e25037) doi: 10.2196/25037
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In 1999, software developer Alan Cooper [1] published the book
“The Inmates are Running the Asylum” in which he advocated
“user-centered design.” To focus the design of software or any
other product on the intended user, Cooper suggested using
“personas” [1-5]. Since then, personas have been applied in a
wide variety of fields where systems, services, or products are
being designed for human use. Such applications include health
service design [3,6,7], eHealth services [2,6,8-13], and health
behavior change [14-17].
There is a long history of typology in the social sciences,
whether seeking to identify types of individuals, organizations,
or societies. Both Plato and Aristotle considered there to be
forms that were not specific to any person or entity but
representing some fundamental collective characteristics, which
are seen as the origins of the concept of archetypes [18,19].
Typologies and categorical groups have been useful in the
development of the understanding of various aspects of society,
such as politics, history, and development [20,21]. Jung
developed the earlier ideas around archetypes in the field of
psychology as innate and universal primordial ideas
(prototypes), which were useful for interpreting behaviors and
actions [22]. Ernest Dichter later applied Jung’s archetypes to
advertising and marketing [23].
Possibly, the most well-known use of a persona in health care
services in the United Kingdom was Torbay and South Devon
Health and Care National Health Service Trust’s “Mrs Smith,”
a persona of an older woman created to support the integration
of health and social care services [24-26]. Most recently,
methods for persona development have begun to be applied in
research projects to support the understanding of the complex
system of social determinants of health [27-29]. In addition, the
expansion in the forms and amounts of data collected make it
necessary for data producers and data holders to present data
in formats that are more accessible while maintaining participant
confidentiality.
Persona Development Methods
Two significant challenges in developing personas are avoiding
harmful stereotypes and achieving a balance between making
the personas relatable so that they are engaging but avoiding
being so specific that they do not relate to a large enough group
of people (customer base) [5,30]. The process for developing
personas typically comprises a number of steps, starting with
identifying basic details of the personas, such as demographics,
and subsequently adding layers of detail until a sufficiently
life-like and relatable character is formed [3,16,30]. The types
of details required for the persona are selected to fit the purpose
for which the personas are being designed. For example, the
designer of a new magazine would want details about the
interests and lifestyle choices of the persona, whereas the
designer of a health service would want to know the persona’s
health state and treatment preferences. The approaches taken
to this process vary from those based purely on anecdotes or
experiences and are therefore more prone to stereotyping
[2,7,14,31], through to those based on the objective analysis of
data reducing the risk of stereotyping within the personas
[3,10,12,13,17,20,27,32,33]. Most people advocate a mixed
methods approach using both objective and subjective data to
avoid stereotypes and overly specific personas [3,9,10,16,17].
Recently, those who will use the eventual product, process, or
service have become involved in the creation of the personas
to be used in the development process [2,6,8,34].
The common quantitative methods often applied to persona
development are factor analysis [33], latent class analysis [27],
k-means cluster analysis [12,13,17], and hierarchical cluster
analysis [3,10,32]. The different quantitative methods relate to
whether the fundamental characteristics of the clusters are
observable or latent hidden attributes. Hagenaars and Halman
[20] and Floyd et al [4] have critiqued and compared the various
methods based on their statistical properties; however, it is likely
that the most appropriate methods for creating personas will
depend on the specific scenario and how they will be used.
Regardless of specific methods, there is agreement about the
value of the personas in terms of provoking empathy, interest,
and understanding; providing grounding and personalization;
and supporting better product, process, and service development
[2,5,27,28,31,33]. Pruitt and Grudin [5] wrote that personas
“provide a conduit for conveying a broad range of qualitative
and quantitative data, and focus attention on aspects of design
and use that other methods do not.”
The aim of this study was to experiment with the use of personas
within a research and innovation project to support product,
process, and service development through broadening the
engagement with and understanding of the data about the local
community. In this paper, we outline the innovative mixed
methods process we have applied to generating personas of
social housing residents and the uses to which these have been
put to date. Although the initial process was an established
technique for data-driven persona development [12,13,17,33],
the qualitative methods and addition of sensor data are more
novel. Holden et al [3] advocated for the combination of
quantitative and qualitative data “to produce richer,
contextualized descriptions of personas” (p. 165), but admitted
that they were only minimally able to incorporate qualitative
data into their personas. Consequently, the significant
incorporation of qualitative data into the final Smartline
Archetypes is a novel contribution of this study. In addition, it
was hoped that the personas would support participant
engagement with their own data and increase the transparency
of the project. Subsequently, the derivation of the personas from
individual data, but representing groups of people through a
fictional life-like persona, can maintain privacy while increasing
accessibility to the data.
The Smartline Project
The Smartline project is a European Regional Development
Fund–funded research and innovation project focused on
household and community health and well-being. Its purpose
is to develop the eHealth and eWell-being sector in Cornwall
and the Isles of Scilly in the United Kingdom [35] through
collaboration between academia and business, specifically the
University of Exeter, Coastline Housing (a social housing
provider), Volunteer Cornwall, and Cornwall Council [36].
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Cornwall is a county in the southwest of England; it only borders
one other county, with the other border being the coastline.
Considered a rural county, the settlements include many
dispersed small villages and towns with populations up to
approximately 25,000. Previous studies describing other aspects
of the project have examined the associations between health
and mold [37] and social cohesion [38] among the participants.
In the United Kingdom, 99.61% (2,738,980/2,718,435) of
businesses are small- and medium-sized enterprises (SMEs),
with fewer than 250 employees, and in Cornwall, many are
microenterprises, with fewer than 10 employees [36,39,40].
Although Smartline had the opportunity to share consented and
anonymized data with project partners and local enterprises,
such organizations and businesses are unlikely to have the
capacity or data science skills required to interact with large
quantitative data sets. Therefore, it was necessary for Smartline
to present data in formats that are more accessible. A Smartline
Knowledge Exchange Officer (ES) had used personas in market
research settings and recognized their potential to address data
accessibility for SMEs in the region.
The participants were adults (older than 18 years) recruited from
among Coastline Housing residents in the towns of Camborne
and Redruth and the villages of Illogan and Pool. Together,
these form the largest conurbation in Cornwall, with a
population of 47,500 in the last census in 2011 [41,42].
Moreover, these locations were selected because they provided
a high concentration of Coastline Homes needed to address the
project’s focus on communities and individual households.
Coastline Housing undertook participant recruitment
street-by-street between September 2017 and November 2018.
In total, 649 households were approached; 329 were recruited
into the project and completed baseline data collection (329/649,
50.7% response rate).
The project collected a variety of data (Figure 1), using a
face-to-face survey, environmental and electricity usage sensors,
and a structured interview called a Guided Conversation [43,44].
The project was reviewed by the University of Exeter Research
Ethics Committee, and all participants provided written informed
consent. All participants needed to consent to participate in the
survey and to have sensors installed to join the project, but
participation in the Guided Conversation was not a requirement.
The surveys and Guided Conversations took place at a
convenient time in the participants’ homes with 2 researchers
present. Sensor data measurements were recorded approximately
every 3-5 min. The data were collected to stimulate innovation
within the project in partnership with businesses and voluntary
organizations working with the project. The personas were
developed using the various data collected throughout the project
to stimulate further innovation.
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Figure 1. Smartline project data sets. eCO2: equivalent carbon dioxide; PM2.5: atmospheric particulate matter that have a diameter of less than 2.5 m;
SWEMWBS: Short Warwick Edinburgh Mental Wellbeing scale.
Methods
Persona Development Process
The process used to develop the personas, illustrated in Figure
2, followed the common steps of initially specifying some basic
details about each persona using the baseline data and then
layering on further details (the sensor and Guided Conversation
data) until life-like individuals were created [3,16,30]. Smartline
participants and broader public groups were involved throughout
the process to ensure that the final personas were acceptable,
accessible, and true to people’s experience [16]. Initially, the
idea was presented to a number of groups to test whether it was
considered worth pursuing and to define the scope of the
personas. The next step was to undertake a cluster analysis of
the survey data.
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Figure 2. Persona development method for the Smartline Archetypes. HEPE: Health and Environment Public Engagement group.
k-Prototype Cluster Analysis
Cluster analysis (also known as segmentation or taxonomy
analysis) is a statistical method for interpreting a large data set
by grouping the records into clusters. Each record has values
for a set of variables (eg, gender, age, socioeconomic status).
Cluster centers are randomly generated, each being a set of
variable values. Records are assigned to the most similar cluster
center, and cluster membership is iteratively updated to
minimize the difference between records and their cluster center,
based on the variable values. Records in the resulting clusters
are generally more similar to one another than to records in
other clusters [45]. The k-prototype approach, similar to other
clustering techniques, is an unsupervised machine learning
method. Developed from the k-means and k-modes methods,
the k-prototype method can handle both continuous and
categorical data [45,46]. The method minimizes the Euclidean
distance for numerical factors, as in k-means clustering, and
uses the number of mismatches between data points for the
categorical variables [45].
The baseline data used for the cluster analysis included variables
related to demographics, socioeconomic position, household
composition, experience of home environment (comfort, mold,
and fuel poverty), technology ownership, pet ownership,
smoking, social cohesion, volunteering, caring, mental
well-being (Short Warwick-Edinburgh Mental Wellbeing Score
[47-50]), physical and mental health–related quality of life
(12-item Short Form Health Survey, version 2 [51,52]), and
activity (Figure 1). All variables included in the cluster analysis
were quantitative data from the survey responses or the Coastline
Housing data. The inclusion of these variables would allow the
personas to reflect multiple aspects of the participants’ lives
and demonstrate the breadth of data held by the project.
List-wise deletion based on the 329 selected variables left 235
(71.4%) participants on whom to conduct the cluster analysis.
To account for the various scales of each variable, the data were
standardized using z-scores before the clustering analysis. The
k-prototype clustering was performed in R using the package
“clustMixType” [53,54], with participants assigned to the cluster
that most closely matched their characteristics.
It is necessary to specify the number of clusters to be calculated
when conducting k-prototype analysis. In the literature, there
are both analytical and pragmatic techniques for identifying the
appropriate number of clusters [13,17]. With the intention that
the personas would be accessible to the public, it was important
for us to triangulate these data-driven decisions with
community-focused perspectives. To those ends, both the
techniques to be used and the potential granularity of the clusters
were discussed with 2 groups of community partners: Health
and Environment Public Engagement group and Cornwall
Neighbourhoods for Change. Similarity within each cluster
increases with the number of clusters. The optimum number of
clusters is often chosen to be the number at which little is gained
by adding more clusters. This method is known as the elbow
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method, using a plot as presented in Multimedia Appendix 1.
However, we found no clear analytical evidence for selecting
a given number of clusters over another number. In addition,
feedback on granularity from community partners and on
business requirements from Smartline’s Knowledge Exchange
Officer (ES) suggested that a maximum of 8 clusters would be
appropriate. Pragmatically, the 8 clusters were also sufficiently
populated to capture a generalization across multiple people
(average of 29 participants per cluster). Patterns within the
summary statistics of the variables within each cluster were
examined to characterize each Smartline Archetype. All the
data from the survey were included in the characterization of
the Smartline Archetypes, not just those variables included in
the cluster analysis.
Sensor Data
Using the unique participant identifiers, the data from
environmental and electricity usage sensors for each home were
allocated into each of the 8 clusters. The mean sensor data
readings were calculated for each household over all the readings
taken in 2019. In line with the choice to use the term archetype,
we anticipated that the variation within the sensor outcomes of
each Smartline Archetype would be of interest, for example, to
compare a high- and low-electricity user of the same Smartline
Archetype. Hence, the Smartline Archetypes were integrated
into the project data-sharing platform.
Qualitative Analysis
A subsample of 62 semistructured qualitative interviews (known
as “Guided Conversations”) were conducted. Participants were
selected via nonprobability sampling out of a total sample of
329 participants. The interviews lasted for an average of 45 min
and were conducted face to face by 2 researchers between
November 2017 and May 2018. The responses were recorded
directly onto a script by the assigned note taker and transcribed
to a database after the interview. Participants were not paid, and
interviews took place during a time that was most convenient
for the participant. The purpose of these interviews was to
identify well-being priorities and then develop an achievable
action plan with the participant. They were structured around
the 3 themes of well-being, home, and community under which
there were a series of prompts. These themes and prompts were
arrived at through a co-design process involving all project
partners. The interview guide was piloted with 4 voluntary and
community sector organizations and 5 Coastline Housing tenants
and adjustments made.
Using unique study identifiers, the transcripts of each interview
were allocated to the clusters. There was an uneven spread of
interview data across Smartline Archetypes: #1, 6 interviews;
#2, 3 interviews; #3, 3 interviews; # 4, 4 interviews; # 5, 6
interviews; #6, 4 interviews; #7, 10 interviews; and #8, 5
interviews. Due to the list-wise deletion of survey records, not
everyone who was interviewed was allocated to a Smartline
Archetype.
An interdisciplinary team of 10 researchers conducted a 5-step
collaborative data analysis exercise with the interview
transcripts. Using multiple coders increases the rigor in a
qualitative analysis by drawing upon diverse perspectives and
counteracting individual biases in the coding process as
interpretations and assumptions are placed in the plain view of
the group [55,56]. This method also allowed us to reasonably
manage the large data set [55]. In this study, we chose to conduct
the coding manually for the following two reasons. First, many
of the interdisciplinary teams were unfamiliar with qualitative
analysis software, and therefore, time-intensive training would
be required [57]. Second, the marking up, sorting, and
reorganizing of transcripts was deemed a manageable task given
the 10-strong team of researchers.
Thematic analysis of interview transcripts involved a systematic
5-step process (Textbox 1). Through this exercise, the team
produced a codebook that was transparently documented and
justified the analytical decisions [55,58]. The outputs were
additions or adaptations to each Smartline Archetype description
and a 3-point list of headline descriptors. The team was split
into 5 pairs, each of whom coded 2 Smartline Archetypes.
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Textbox 1. Five-step thematic analysis process.
Step 1: Data familiarization and identification of significant topics
• Each pair familiarized themselves with their Smartline Archetypes transcripts and examined the graphs, which illustrated the satisfaction scores
from the radar plots for each of the interview topics. The graphs facilitated quick identification of the highest and lowest scoring topics within
and between each Smartline Archetype. The output of this iterative process was the identification of a significant topic or topics for each of the
Smartline Archetypes.
Step 2: Open coding and subtheme development
• Open coding is the process of identifying discrete concepts and patterns in the data [59]. The team employed this process on the significant topics,
identified in step 1, for each Smartline Archetype.
Step 3: Axial coding and theme identification and triangulation
• Axial coding is the dynamic and creative process of identifying connections between patterns in the data [57,59]. The team used this process in
reference to the Smartline Archetype characteristics produced by the cluster analysis and the open codes. This iterative process enabled points
of triangulation to be identified between the quantitatively derived characteristics and the interview data. The output from this step was the
identification of a 3-point list of headline descriptors for each Smartline Archetype.
Step 4: Pull exemplar quotes from transcripts
• Quotes that exemplified the significant theme were then pulled from transcripts and added to the code book.
Step 5: Write summary sentence
• The final step was to write sentences that summarized the themes identified and insert them into the Smartline Archetype description.
Testing
To test if the Smartline Archetypes were acceptable, accessible,
and true to people’s experience [16], we produced a “serious
game,” that is, one used for more than just entertainment [60].
Each Smartline Archetype was allocated a name and a cartoon
image, presented as “Top Trumps” cards. The game, which
involved matching attributes to characters, was played at
community events involving project participants and events
attended by businesses. The feedback from participants
supported the use of the Smartline Archetypes, and most people
found at least one Archetype that they could relate to themselves
or a neighbor. The cards also prompted conversations with
participants around the support, services, or products that might
be useful to that Smartline Archetype. Providing people with a
character that is similar but distinct from themselves has
previously been used to prompt reflection and potential behavior
change by Wyatt et al [61] and Brown et al [62].
Putting the Archetypes Into Action
To date, the Archetypes have been used in three different ways.
First, an updated version of the persona card game was turned
into a “game” that can be played on the Smartline website [63].
Second, the personas have also been used to facilitate focus
groups with participants to gather views about behaviors and
attitudes toward digital technology [64]. Third, the Smartline
Archetypes have also been explored as part of a social network




The 8 clusters identified by the k-prototype analysis of the
baseline survey data are summarized in Table 1. Two-thirds of
Smartline participants were female, and their ethnic diversity
reflects that of Cornwall, with only 3.9% (10/256) from an
ethnic minority. The Smartline Archetypes reflected these
demographics. However, public engagement with community
partners identified that it was important to include some diversity
among the Smartline Archetypes. Therefore, the 4 Archetypes
with the lowest likelihood of being female were designated
male, and the Archetype with the highest proportion of ethnic
minority participants was presented as being from an ethnic
minority (Archetype #6).
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Table 1. Summary characteristics of the 8 clusters identified by the k-prototype analysis of the baseline survey data.
ClusterCharacteristic
87654321
29 (12.3)54 (23.0)23 (9.8)28 (11.9)31 (13.2)18 (7.7)28 (11.9)24 (10.2)Participants, n (%)
21 (72)38 (70)15 (65)17 (61)23 (74)14 (78)17 (601)16 (67)Female, n (%)
63.055.066.065.534.052.067.561.0Age (years), median
CornishCornishBritishCornishCornishCornishBritishBritishNational identity, mode
0 (0)1 (2)2 (11)1 (4)0 (0)0 (0)0 (0)0 (0)Ethic minority, n (%)
8 (28)4 (7)2 (9)5 (18)11 (35)3 (17)3 (11)10 (42)Employed, n (%)
14 (48)14 (26)13 (57)18 (64)0 (0)4 (22)18 (64)6 (25)Retired, n (%)
14 (48)26 (48)12 (52)19 (68)17 (55)9 (50)11 (39)16 (67)IMDa 10% most deprived, n (%)












aIMD: index of multiple deprivation.
Sensor data types are presented in Figure 1. Mean values were
taken over 2019 for each data type and each household. Means
were compared across Smartline Archetypes using a separate
one-way analysis of variance (ANOVA) for each sensor data
type, with the Archetype as the between-participants factor with
8 levels. Significant effects of the Archetype were investigated
using the Tukey post hoc test for pairwise comparisons of
Smartline Archetypes. There was no significant effect of the
Archetype on relative humidity in the bedroom (F7,160=1.382;
P=.22; η2=0.057), PM2.5 (atmospheric particulate matter that
have a diameter of less than 2.5 μm: F7,115=1.263; P=.28;
η2=0.071), equivalent carbon dioxide (F7,84=1.246; P=.29;
η2=0.094), and electricity usage (F7,75=0.885; P=.52; η
2=0.076).
There was a trend toward significance for temperature in the
bedroom (F7,160=1.932; P=.07; η
2=0.078) and for relative
humidity in the living room (F7,153=2.024; P=.06; η
2=0.085).
Temperature in the living room differed across Archetypes
(F7,153=2.380; P=.02; η
2=0.098), with higher temperature in
Smartline Archetype #2 “David Hartley” than Smartline
Archetype #8 “Cathy Johnson” (P=.03). The sensor data did
not reveal many additional insights about the Smartline
Archetypes. However, 4 examples of the sensor data are shown
in Figure 3, including those measures with the greatest
differences across Archetypes. To illustrate the potential of the
sensor data, monthly means were plotted. The temperature
sensor data appeared to be consistent with participants who
reported issues with temperature in the survey, whereas those
Archetypes with higher PM2.5 did not seem to be consistent
with those living near roads, smoking, or keeping their windows
closed. It was clear that there was more variation in the internal
environment in winter than in summer.
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Figure 3. Smartline sensor data monthly means for the archetypes across 1 year. PM2.5: atmospheric particulate matter that have a diameter of less
than 2.5 μm.
The qualitative analysis of the Guided Conversations was
consistent with the findings of the quantitative cluster analysis.
Through the qualitative analysis, it was possible to add depth
and explain the features from the survey data. Only within
Archetype #7 “Sarah Jones” did triangulating the qualitative
and quantitative data prove challenging. This was the largest
of the Smartline Archetypes, with more than 20% (54/235,
23.0%) of the participants included in the clustering analysis
and 10 Guided Conversation transcripts. Although the
quantitative approach clustered these individuals, the Guided
Conversation data revealed a variety of circumstances within
this Archetype. The people in Archetype #7 experienced a
number of complicated circumstances around health, finances,
and caring responsibilities for family members. This scenario
demonstrates that although the reported data can be similar,
there can be significant differences in experience that could be
missed without the richness of qualitative data or user
engagement. The final descriptions of each of the Smartline
Archetypes bringing together the baseline survey data,
household sensor, and Guided Conversation data are provided
in Table 2.
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Table 2. The Smartline Archetypes (the percentages are the percentage of the 235 participants in each archetype).
DescriptionArchetype
Archetype #1—“Jack Brown,” Male, 59 years old, 10.2% (n=24)
• Resourceful—Competent—Capable
• Jack works for a building merchant and lives with his wife and cat in one of the 10% most deprived neighborhoods
in England. They have access to the internet and own quite a few pieces of technology. His health and well-being
are about average and he is fairly active. He does not think that mold is affecting their health, despite having mold
in the bathroom and his wife having respiratory symptoms. They help out their neighbors. He takes pride in being
self-reliant but also knows whom to ask for help and is willing to do this. He feels competent and confident in
completing household and “Do-it-Yourself” tasks, even those tasks that he does not necessarily enjoy.
Archetype #2—“David Hartley,” Male, 65 years old, 11.9% (n=28)
• Poor physical health—Insular—Inhibited aspirations
• David retired early owing to poor physical health. He lives alone and is a moderate smoker. He spends most of his
time indoors and does not do any volunteering. He does not own much technology and does not have access to the
internet. He has chronic obstructive pulmonary disease and spends most of his time sitting. His mental health is
better than his physical health, which affects many aspects of his life, from exercise and recreation to occupation
and learning, and their associated aspirations. He is somewhat insular by choice, although he is happy with where
he lives. He does not have any mold in the home.
Archetype #3—”Mandy Green,” Female, 55 years old, 7.7% (n=18)
• Frequent walker—Well connected—Strong sense of belonging
• Mandy lives with her daughter who is at college and some cats in a 3-bedroom house in a rural area. She is a self-
employed cleaner. She owns a tablet computer and a smart watch. To save money on heating, Mandy only heats
certain rooms and avoids opening windows. Mandy spends a lot of time indoors at the weekends but has never
smoked. Her physical health is good, but her mental health is poor. Mandy has a strong sense of belonging to her
community. She takes walks frequently, including to get to her cleaning jobs. However, reports of crime in the area
undermine her sense of safety.
Archetype #4—“Jennie Fryer,” Female, 37 years old, 13.2% (n=31)
• Driven—Resourceful—Informed
• Jennie lives with her partner and infant child in a 3-bedroom home. While bringing up their child, Jennie is under-
taking a National Vocational Qualification course at college. She and her partner smoke, but they both try not to
smoke indoors. She owns a smartphone and keeps fish. They have mold in the bathroom and bedrooms, which she
is concerned is affecting the family’s health; however, they only heat specific rooms. Jennie wants to work, but the
jobs available locally do not fit with her family commitments, skills, and training. She is resourceful and well con-
nected, knowing how to obtain information if she has an issue. She is worried about the lack of parking in the
neighborhood.
Archetype #5—“Fred Jones,” Male, 65 years old, 11.9% (n=28)
• Self-reliant—Happy and active—Reflective
• Fred is a retired taxi driver living with his wife and a dog in a 1-bedroom house in one of the 10% most deprived
areas in England. He owns a smart watch and a laptop. He feels that their home is adequately heated but uses a de-
humidifier as they have some mold. Fred and his wife are fairly self-reliant, happy, and active, but reflective as they
worry for the future of community and family with regard to community spirit and jobs. He volunteers formally as
well as helps out neighbors, as he has a strong sense of social cohesion.
Archetype #6—“Raj Singh,” Male, 60 years old, 9.8% (n=23)
• Active community member—Disappointed by local services—Resilient but in pain
• Raj lives with his adult son and is looking for work in a factory. Although they heat all the rooms in their home, he
does not think the home is adequately heated. However, they do not experience much mold. He and his son have
quite a few technological devices. Raj smokes and gets short of breath, but otherwise his mental and physical health
and well-being are fairly good. He helps out in his community, as he is interested in the standard of services available.
Raj is more focused on the community and the services available than his indoor environment.
Archetype #7—“Sarah Jones,” Female, 50 years old, 23.0% (n=54)
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• Financial difficulties—Isolated—Caring responsibilities and disability
• Sarah used to work, but she cannot work now because of a long-term condition. She has some caring responsibilities
for an older parent. Sarah has concerns about smart technology and privacy, so she only has a simple mobile phone,
which makes it difficult for her to access some services that require internet access. Her home smells moldy, and
she is worried about how this is affecting her health. But Sarah does not go outside much and avoids opening window
to save heat. She does some volunteering at a charity shop but reports low social cohesion. Sarah is frustrated by
her declining mental and physical health, and her limited finances.
Archetype #8—“Cathy Johnson,” Female, 61 years old, 12.3% (n=29)
• Content on own or with their small group of friends—Frequent walker—Enjoys mentally stimulating activities
• Cathy is retired and lives in a village with her adult daughter. Cathy has upgraded to smart gas and electricity meters.
Her daughter keeps a snake. Cathy dries her clothes indoors and is not concerned about the cost of heating. She
does not do any volunteering but has caring responsibilities toward her daughter. Cathy’s hobbies are crosswords,
reading, and knitting. She is fairly insular with a close-knit group of friends. Her physical and mental health are
good and have been improving. She is fairly busy at home so does not have much interest in the community.
Putting the Archetypes Into Action
Having tested the Smartline Archetypes using the “Top Trumps”
style cards with a number of audiences, including the project
participants themselves, the Archetypes have been put into
action. The web-based version of the card game was only
launched in summer 2020; therefore, it is still being evaluated.
Within the digital technology focus group, participants were
asked to decide whether a given Archetype would like to engage
with technology and, if so, what kind. Participants’ comments
suggested that they felt more able to talk about themselves than
the Archetypes, but the Archetypes did provide a conversation
facilitator and allowed participants to avoid a more personal
perspective as desired. The social networks (ego networks) of
the Smartline participants who participated in this study are
illustrated in Multimedia Appendix 2, with the Smartline
Archetype of the participants denoted by color. An ANOVA
analysis of the social network ties by Smartline Archetype
identified a statistically significant difference in the number of
ties reported by Archetype, with Archetype #5, “Fred Jones,”
reporting an average of 12 ties, while the others reported around
4-7 ties. Such information could be useful in community
development or spreading health messages, through the
identification of those who might spread messages well, or those
who are disconnected and might need targeted messages.
Various and ongoing engagements of broader stakeholders with
the Smartline Archetypes have continued to confirm their
validity, and the Archetypes have proved to be an engaging tool
for discussions about the project and data. A number of small
and microenterprises who had not engaged with the project data
before engaged with the Smartline Archetypes, learning about
the project participants and the prompting ideas related to their
business. The number of Smartline Archetypes and the wealth
of information known about each one means that specific
Archetypes or specific details can be selected depending on the
topic, product, process, or service being discussed.
Discussion
Principal Findings and Implications
The process of developing personas to inform product, process,
and service development has been widely adopted across
multiple sectors including health care [1-3,6-17,24-26].
Qualitative and quantitative research methods are being used
in the process of developing personas, but their recognition as
a research tool is more recent [2,3,7,9,10,12-14,
16,17,20,27,31-33]. Within the Smartline Research and
Innovation Project, a mixed methods process was developed to
create personas from survey, household sensor, and interview
data. The Smartline Archetypes were created to facilitate
innovation by making the project data more accessible,
particularly to small and medium-sized enterprises working in
sectors related to eHealth and eWell-being.
The process used to develop the Smartline Archetypes employed
existing research methods, some of which, such as k-prototype
cluster analysis, had previously been applied in persona
development, whereas the qualitative approach and incorporation
of environmental sensor data were novel. Holden et al [3]
reported that they were able to “demonstrate the value of using
largely qualitative data from a multiyear study but also identify
the challenges of prolonged analysis and the difficulty of
incorporating a rich and heterogeneous set of findings into a
single design.” Therefore, the high level of triangulation we
found between our data sources and the relatively rapid
analytical methods applied to the qualitative data are significant
developments. Overall, the approach was truly multidisciplinary,
with contributions from epidemiology, health service research,
mathematics, geography, and community engagement coming
together into a product that reflects more than the sum of its
parts [65]. Subsequently, it has been possible to apply the
Smartline Archetypes in multiple ways with the project
participants themselves and other stakeholders.
Data are crucial to research but can also be highly controversial,
particularly with the new types and volumes of data that are
becoming available. Calls for open science to increase
transparency and accessibility of research meet the challenges
of maintaining the duty of confidentiality regarding the data the
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public trusts to share with us [66]. Developing and maintaining
trust in how participant data will be used is quite rightly
recognized as fundamental to health research using data. Being
transparent about how personal patient data are going to be used
links to calls for great statistical literacy [67], which is supported
by engaging communities in designing dissemination tools. The
Smartline Archetypes provided an engaging opportunity to
anonymously present the data collected by the study back to
the participants and other stakeholders, overcoming some of
the barriers to engaging with the data, such as statistical literacy.
Limitations and Areas for Development
Despite these valuable uses identified for the Smartline
Archetypes, we also identified a number of weaknesses or
challenges in their development. The need to specify the number
of clusters to be created by the k-prototype method might limit
the use of such clustering methods. Although it is possible to
base the number of clusters on the data, it might also be
necessary to be pragmatic and specify a certain number of
clusters, which would affect the validity of the methods applied.
Clustering analyses make it possible to consider any number
clusters and categorize the performance of the clustering
accordingly (eg, via “elbow method”). This can accommodate
or challenge prespecified requirements (eg, required minimum
or maximum number of classes or clusters).
The development of personas could be based on stereotypical
views of individuals or groups [5,30]. Basing our personas on
the mathematical analysis of the survey data, the basic
characteristics were derived using some objective criteria. Even
in these circumstances, adding further embellishments to the
personas could be influenced by unconscious biases or
stereotypes. This influence could have occurred during the
thematic analysis; however, by involving community partners
and a team of researchers in this process, we hope that this risk
has been minimized. This approach to persona development
could also challenge stereotypes. For example, in this study,
could some of the Smartline Archetypes be people who do not
reflect stereotypes of social housing residents?
Starting with the survey data meant that the clusters identified
emphasized the biases in the data set in terms of gender, age,
ethnicity, etc. Community partners underlined that the data on
which the Smartline Archetypes were based did not reflect the
whole community, just those approached and willing to
participate in the study. Subsequently, some diversity was added
to the Smartline Archetypes, which might limit their validity.
More extensive testing and validation of the Smartline
Archetypes with the research participants and other stakeholders
would be valuable but needs to be balanced against the risk of
individual biases shaping the Archetypes. Archetype #7 “Sarah
Jones” revealed a particular challenge to the use of quantitative
methods alone to derive personas. Although the k-prototype
methods grouped the people in this Smartline Archetype as
being similar, the qualitative methods revealed significant
differences in their circumstances. As the Smartline Archetype
with the largest number of interview transcripts, the variation
might simply reflect the larger volume of qualitative data or
might reflect that objective data cannot adequately capture
human experience and similar quantitative data might hide
important differences between people. It is worth noting that
all variables were equally weighted in the clustering process,
but another approach could be to use different weightings to
dictate the importance of certain characteristics over others.
More theoretically, there is a need to consider whether the
personas reflect collective fundamental but observable
characteristics (archetypes) within which variation might be of
interest or latent, hidden, or primordial ideas as in prototypes
[20,27]. This distinction in the type of persona will depend upon
the uses to which the personas will be put but might be an
important distinction when comparing personas between studies
or populations.
Conclusions
Personas are a widely adopted tool that could prove useful in
research, especially in using research to inform policy, practice,
and business engagement. Methods are available to bring
together various types of data into personas, and the resulting
personas are recognized for being useful in communicating
complex data [5]. The most appropriate methods to produce
personas will depend on the specific application and data
available, meaning that this approach is adaptable to a range of
projects and disciplines. Unlike previous research, Smartline
personas were created by layering quantitative survey, household
sensor, and qualitative interview data, providing a novel
multifaceted perspective. Personas were used within the
Smartline project to maintain participant privacy while also
increasing data accessibility. Therefore, the participants
themselves were better able to engage with their own data and
the project, and stakeholders from multiple sectors could use
the project to inform innovation. Subsequently, personas
represent an opportunity for broader engagement with research
and greater policy and practice impact.
Acknowledgments
The authors would like to acknowledge the contribution of the whole Smartline team including all the partners for collecting the
data and making suggestions for improving the content of this paper. The Smartline project is receiving up to £3,780,374 (US
$5,134,657) of funding from the England European Regional Development Fund as part of the European Structural and Investment
Funds Growth Programme 2014-2020. The Ministry of Housing, Communities, and Local Government (and in London, the
intermediate body Greater London Authority) is the Managing Authority for European Regional Development Fund. Established
by the European Union, the European Regional Development Fund helps local areas stimulate their economic development by
investing in projects that will support innovation, businesses, create jobs, and local community regenerations [68]. Additional
funding of £25,000 (US $33,962) was from the South West Academic Health Science Network.
JMIR Public Health Surveill 2021 | vol. 7 | iss. 2 | e25037 | p. 12http://publichealth.jmir.org/2021/2/e25037/
(page number not for citation purposes)




AW, ML, CL, EB, K Morrissey, and TT devised the Smartline project, with AW overseeing this study and drafting the manuscript.
EB and ES had the initial idea for the archetypes, and ZH developed graphics for each archetype. All the authors were part of the
data collection team. TM, MS, and MM conducted the k-prototype analysis, with TM and MM also conducting the sensor analysis.




Plot of total sum of squared distances between cluster members and their respective cluster center.
[PDF File (Adobe PDF File), 198 KB-Multimedia Appendix 1]
Multimedia Appendix 2
Smartline social network analysis showing ego Smartline Archetype.
[PDF File (Adobe PDF File), 231 KB-Multimedia Appendix 2]
References
1. Cooper A. The inmates are running the asylum. Indianapolis: Sams Publishing; 1999.
2. Bhattacharyya O, Mossman K, Gustafsson L, Schneider EC. Using Human-Centered Design to Build a Digital Health
Advisor for Patients With Complex Needs: Persona and Prototype Development. J Med Internet Res 2019 May
09;21(5):e10318 [FREE Full text] [doi: 10.2196/10318] [Medline: 31094334]
3. Holden RJ, Kulanthaivel A, Purkayastha S, Goggins KM, Kripalani S. Know thy eHealth user: Development of
biopsychosocial personas from a study of older adults with heart failure. Int J Med Inform 2017 Dec;108:158-167 [FREE
Full text] [doi: 10.1016/j.ijmedinf.2017.10.006] [Medline: 29132622]
4. Floyd IR, Cameron Jones M, Twidale MB. Resolving incommensurable debates: a preliminary identification of persona
kinds, attributes, and characteristics. Artifact 2008 Apr;2(1):12-26. [doi: 10.1080/17493460802276836]
5. Pruitt J, Grudin J. Personas: practice and theory. In: Proceedings of the 2003 conference on Designing for user experiences.
New York: Association for Computing Machinery; 2003 Jun Presented at: DUX03: Designing the User Experience; June,
2003; San Francisco California p. 1-15. [doi: 10.1145/997078.997089]
6. Donald M, Beanlands H, Straus S, Ronksley P, Tam-Tham H, Finlay J, et al. Preferences for a self-management e-health
tool for patients with chronic kidney disease: results of a patient-oriented consensus workshop. CMAJ Open
2019;7(4):E713-E720 [FREE Full text] [doi: 10.9778/cmajo.20190081] [Medline: 31822502]
7. Price M, Bellwood P, Hill TT, Fletcher S. Team Mapping: A Novel Method to Help Community Primary Healthcare
Practices Transition to Team-Based Care. Healthc Q 2020 Jan;22(4):33-39. [doi: 10.12927/hcq.2020.26086] [Medline:
32073389]
8. Fico G, Martinez-Millana A, Leuteritz J, Fioravanti A, Beltrán-Jaunsarás ME, Traver V, et al. User Centered Design to
Improve Information Exchange in Diabetes Care Through eHealth : Results from a Small Scale Exploratory Study. J Med
Syst 2019 Nov 18;44(1):2. [doi: 10.1007/s10916-019-1472-5] [Medline: 31741069]
9. Haldane V, Koh JJK, Srivastava A, Teo KWQ, Tan YG, Cheng RX, et al. User Preferences and Persona Design for an
mHealth Intervention to Support Adherence to Cardiovascular Disease Medication in Singapore: A Multi-Method Study.
JMIR Mhealth Uhealth 2019 May 28;7(5):e10465 [FREE Full text] [doi: 10.2196/10465] [Medline: 31140445]
10. Reeder B, Zaslavksy O, Wilamowska KM, Demiris G, Thompson HJ. Modeling the oldest old: personas to design
technology-based solutions for older adults. AMIA Annu Symp Proc 2011;2011:1166-1175 [FREE Full text] [Medline:
22195177]
11. Schäfer K, Rasche P, Bröhl C, Theis S, Barton L, Brandl C, et al. Survey-based personas for a target-group-specific
consideration of elderly end users of information and communication systems in the German health-care sector. Int J Med
Inform 2019 Dec;132:103924 [FREE Full text] [doi: 10.1016/j.ijmedinf.2019.07.003] [Medline: 31569006]
12. Tanenbaum ML, Adams RN, Iturralde E, Hanes SJ, Barley RC, Naranjo D, et al. From Wary Wearers to d-Embracers:
Personas of Readiness to Use Diabetes Devices. J Diabetes Sci Technol 2018 Nov;12(6):1101-1107 [FREE Full text] [doi:
10.1177/1932296818793756] [Medline: 30132692]
13. Tanenbaum ML, Adams RN, Lanning MS, Hanes SJ, Agustin BI, Naranjo D, et al. Using Cluster Analysis to Understand
Clinician Readiness to Promote Continuous Glucose Monitoring Adoption. J Diabetes Sci Technol 2018 Nov;12(6):1108-1115
[FREE Full text] [doi: 10.1177/1932296818786486] [Medline: 29991281]
14. Clack L, Stühlinger M, Meier M, Wolfensberger A, Sax H. User-centred participatory design of visual cues for isolation
precautions. Antimicrob Resist Infect Control 2019;8:179 [FREE Full text] [doi: 10.1186/s13756-019-0629-9] [Medline:
31827775]
JMIR Public Health Surveill 2021 | vol. 7 | iss. 2 | e25037 | p. 13http://publichealth.jmir.org/2021/2/e25037/
(page number not for citation purposes)
Williams et alJMIR PUBLIC HEALTH AND SURVEILLANCE
XSL•FO
RenderX
15. Silverman BG, Holmes J, Kimmel S, Branas C, Ivins D, Weaver R, et al. Modeling emotion and behavior in animated
personas to facilitate human behavior change: the case of the HEART-SENSE game. Health Care Manag Sci 2001
Sep;4(3):213-228. [doi: 10.1023/a:1011448916375] [Medline: 11519847]
16. Vilvens HL, Vaughn LM, Southworth H, Denny SA, Gittelman MA. Personalising Safe Sleep Messaging for Infant
Caregivers in the United States. Health Soc Care Community 2020 May;28(3):891-902. [doi: 10.1111/hsc.12920] [Medline:
31847057]
17. Vosbergen S, Mulder-Wiggers JMR, Lacroix JP, Kemps HMC, Kraaijenhagen RA, Jaspers MWM, et al. Using personas
to tailor educational messages to the preferences of coronary heart disease patients. J Biomed Inform 2015 Feb;53:100-112
[FREE Full text] [doi: 10.1016/j.jbi.2014.09.004] [Medline: 25239261]
18. Kraut R. Plato. In: Zalta EN, editor. The Stanford Encyclopedia of Philosophy. Stanford, CA: The Metaphysics Research
Lab; 2017.
19. Shields C. Aristotle. In: Zalta EN, editor. The Stanford Encyclopedia of Philosophy. Stanford, CA: The Metaphysics
Research Lab; 2015.
20. Hagenaars J, Halman L. Searching for ideal types: the potentialities of latent class analysis. European Sociological Review
1989;5(1):81-96. [doi: 10.1093/oxfordjournals.esr.a036509]
21. McKinney JC. Constructive Typology and Social Theory. New York: Appleton; 1966.
22. Jung C, Gerhard A, Hull R. Collected works of C. G. Jung, Volume 9 (Part 1) Archetypes and the collective unconscious.
Princeton: Princeton University Press; 2014.
23. Stern BB. The Importance of Being Ernest: Commemorating Dichter's Contribution to Advertising Research. J. Adv. Res
2004;44(2):165-169. [doi: 10.1017/s0021849904040127]
24. Thistlethwaite P. Integrating health and social care in Torbay: improving care for Mrs Smith. London: The King's Fund;
2011. URL: https://www.kingsfund.org.uk/sites/default/files/
integrating-health-social-care-torbay-case-study-kings-fund-march-2011.pdf [accessed 2021-01-11]
25. Imison C, Poteliakhoff E, Thompson J. Older people and emergency bed use: exploring variation. London: The King's
Fund; 2012. URL: https://www.kingsfund.org.uk/sites/default/files/field/field_publication_file/
older-people-and-emergency-bed-use-aug-2012.pdf [accessed 2021-01-11]
26. NHS Torbay and South Devon. The Torbay Model – “Mrs Smith”. Torquay: Torbay and South Devon NHS Foundation
Trust; 2021. URL: https://www.torbayandsouthdevon.nhs.uk/about-us/our-vision-of-health-and-care/
the-torbay-model-mrs-smith/ [accessed 2021-01-11]
27. Weden MM, Bird CE, Escarce JJ, Lurie N. Neighborhood archetypes for population health research: is there no place like
home? Health Place 2011 Jan;17(1):289-299 [FREE Full text] [doi: 10.1016/j.healthplace.2010.11.002] [Medline: 21168356]
28. Jais C, Hignett S, Halsall W, Kelly D, Cook M, Hogervorst E. Chris and Sally's House: Adapting a home for people living
with dementia (innovative practice). Dementia (London) 2019 Nov 07:1471301219887040. [doi: 10.1177/1471301219887040]
[Medline: 31698949]
29. Dahlgren G, Whitehead M. Policies and strategies to promote social equity in health. Stockholm: Institute for Future Studies
Contract No 2007:14.
30. Pruitt J, Adlin T. The persona lifecycle: keeping people in mind throughout product design. Amsterdam: Elsevier; 2006.
31. Canham SL, Mahmood A. The use of personas in gerontological education. Gerontol Geriatr Educ 2019;40(4):468-479.
[doi: 10.1080/02701960.2018.1506775] [Medline: 30124379]
32. Zagallo P, McCourt J, Idsardi R, Smith MK, Urban-Lurain M, Andrews TC, et al. Through the Eyes of Faculty: Using
Personas as a Tool for Learner-Centered Professional Development. CBE Life Sci Educ 2019 Dec;18(4):ar62 [FREE Full
text] [doi: 10.1187/cbe.19-06-0114] [Medline: 31755820]
33. McGinn J, Kotamraju N. Data-driven persona development. In: Proceedings of the SIGCHI Conference on Human Factors
in Computing Systems. New York: Association for Computing Machinery; 2008 Presented at: CHI Conference on Human
Factors in Computing Systems; April, 2008; Florence Italy.
34. Bonnardel N, Pichot N. Enhancing collaborative creativity with virtual dynamic personas. Appl Ergon 2020 Jan;82:102949.
[doi: 10.1016/j.apergo.2019.102949] [Medline: 31563797]
35. University of Exeter. Smartline. Truro: University of Exeter; 2020. URL: https://www.smartline.org.uk/ [accessed 2021-01-11]
36. Cornwall & Isles of Scilly Integrated Teritorial Investment Strategy. Cornwall: Cornwall & Isles of Scilly Growth Programme;
2016. URL: https://www.cioslep.com/assets/file/Cornwall%20and%20IOS%20ITI%20Strategy.pdf [accessed 2021-01-11]
37. Moses L, Morrissey K, Sharpe RA, Taylor T. Exposure to Indoor Mouldy Odour Increases the Risk of Asthma in Older
Adults Living in Social Housing. Int J Environ Res Public Health 2019 Jul 22;16(14) [FREE Full text] [doi:
10.3390/ijerph16142600] [Medline: 31336583]
38. Williams AJ, Maguire K, Morrissey K, Taylor T, Wyatt K. Social cohesion, mental wellbeing and health-related quality
of life among a cohort of social housing residents in Cornwall: a cross sectional study. BMC Public Health 2020 Jun
22;20(1):985 [FREE Full text] [doi: 10.1186/s12889-020-09078-6] [Medline: 32571296]
39. Office for National Statistics. UK business: activity, size and location. London: Office for National Statistics; 2020. URL:
https://www.ons.gov.uk/businessindustryandtrade/business/activitysizeandlocation/datasets/ukbusinessactivitysizeandlocation
[accessed 2021-01-11]
JMIR Public Health Surveill 2021 | vol. 7 | iss. 2 | e25037 | p. 14http://publichealth.jmir.org/2021/2/e25037/
(page number not for citation purposes)
Williams et alJMIR PUBLIC HEALTH AND SURVEILLANCE
XSL•FO
RenderX
40. European Commission. SME definition. Brussels: European Commission URL: https://ec.europa.eu/growth/smes/
business-friendly-environment/sme-definition_en [accessed 2021-01-11]
41. Cornwall Council. Camborne, Pool and Redruth Community Network Area profile. Truro: Cornwall Council; 2017. URL:
https://www.cornwall.gov.uk/media/28425272/camborne-pool-redruth-cna-profile.pdf [accessed 2021-01-11]
42. Cornwall Council. Camborne, Pool, Illogan & Redruth Framework. Truro: Cornwall Council; 2017 Mar. URL: https://www.
cornwall.gov.uk/media/26748822/cpir-tf-2017-pages.pdf [accessed 2021-01-11]
43. Kaczynski D, Wood L, Harding A. Using radar charts with qualitative evaluation: Techniques to assess change in blended
learning. Active Learning in Higher Education 2008 Mar;9(1):23-41. [doi: 10.1177/1469787407086743]
44. Shrestha G. Radar Charts: A Tool to Demonstrate Gendered Share of Resources. Gender, Technology and Development
2002;6(2):197-213. [doi: 10.1177/097185240200600202]
45. Huang Z. Clustering large data sets with mixed numeric and categorical values. In: Proceedings of the First Pacific Asia
Knowledge Discovery and Data Mining Conference. 1997 Presented at: The First Pacific-Asia Conference on Knowledge
Discovery and Data Mining URL: http://citeseerx.ist.psu.edu/viewdoc/summary?doi=10.1.1.94.9984
46. Madhuri R, Murty M, Murthy JVR, Reddy PVGD, Satapathy S. Cluster analysis on different data sets using K-modes and
K-prototype algorithms. ICT and Critical Infrastructure: Proceedings of the 48th Annual Convention of Computer Society
of India- Vol II; 2014 Presented at: 48th Annual Convention of Computer Society of India; 13th –15th December 2013;
Vishakapatnam. [doi: 10.1007/978-3-319-03095-1_15]
47. Ng Fat L, Scholes S, Boniface S, Mindell J, Stewart-Brown S. Evaluating and establishing national norms for mental
wellbeing using the short Warwick-Edinburgh Mental Well-being Scale (SWEMWBS): findings from the Health Survey
for England. Qual Life Res 2017 May 16;26(5):1129-1144 [FREE Full text] [doi: 10.1007/s11136-016-1454-8] [Medline:
27853963]
48. Stewart-Brown S. The Warwick-Edinburgh Mental Wellbeing Scales - WEMWBS. Coventry: Warwick Medical School;
2020. URL: https://warwick.ac.uk/fac/sci/med/research/platform/wemwbs [accessed 2021-01-11]
49. Stewart-Brown S, Tennant A, Tennant R, Platt S, Parkinson J, Weich S. Internal construct validity of the Warwick-Edinburgh
Mental Well-being Scale (WEMWBS): a Rasch analysis using data from the Scottish Health Education Population Survey.
Health Qual Life Outcomes 2009;7:15 [FREE Full text] [doi: 10.1186/1477-7525-7-15] [Medline: 19228398]
50. Stewart-Brown S, Platt S, Tennant A, Maheswaran H, Parkinson J, Weich S, et al. The Warwick-Edinburgh Mental
Well-being Scale (WEMWBS): a valid and reliable tool for measuring mental well-being in diverse populations and projects.
Journal of Epidemiology & Community Health 2011 Sep 13;65(Suppl 2):A38-A39. [doi: 10.1136/jech.2011.143586.86]
51. Brazier JE, Harper R, Jones NM, O'Cathain A, Thomas KJ, Usherwood T, et al. Validating the SF-36 health survey
questionnaire: new outcome measure for primary care. BMJ 1992 Jul 18;305(6846):160-164 [FREE Full text] [doi:
10.1136/bmj.305.6846.160] [Medline: 1285753]
52. Maruish M. User's manual for the SF-12v2 health survey. 3rd ed. Lincoln, RI: QualityMetric Incorporated; 2012.
53. Huang Z. Extensions to the K-means algorithm for clustering large data sets with categorical values. Data Mining and
Knowledge Discovery 1998;2(3):283-304. [doi: 10.1023/A:1009769707641]
54. Szepannek G. clustMixType: User-Friendly Clustering of Mixed-Type Data in R. The R Journal 2018;10(2):200-208. [doi:
10.32614/rj-2018-048]
55. MacQueen KM, McLellan E, Kay K, Milstein B. Codebook Development for Team-Based Qualitative Analysis. CAM
Journal 1998;10(2):31-36. [doi: 10.1177/1525822X980100020301]
56. Richards KAR, Hemphill MA. A Practical Guide to Collaborative Qualitative Data Analysis. Journal of Teaching in Physical
Education 2018 Apr;37(2):225-231. [doi: 10.1123/jtpe.2017-0084]
57. Basit T. Manual or electronic? The role of coding in qualitative data analysis. Educational Research 2003;45(2):143-154.
[doi: 10.1080/0013188032000133548]
58. Corbin J, Strauss A. Basics of Qualitative Research: Techniques and Procedures for Developing Grounded Theory. 4th
edition. California: SAGE Publications Ltd; 2015.
59. Saldaña J. The coding manual for qualitative researchers. 3rd edition. Los Angeles: SAGE; 2016.
60. Susi T, Johannesson M, Backlund P. Serious games - an overview (Technical Report HS- IKI -TR-07-001). Sweden: School
of Humanities and Informatics, University of Skövde; 2007. URL: https://www.researchgate.net/publication/
220017759_Serious_Games_-_An_Overview [accessed 2021-01-11]
61. Wyatt KM, Lloyd JJ, Abraham C, Creanor S, Dean S, Densham E, et al. The Healthy Lifestyles Programme (HeLP), a
novel school-based intervention to prevent obesity in school children: study protocol for a randomised controlled trial.
Trials 2013 Apr 04;14:95 [FREE Full text] [doi: 10.1186/1745-6215-14-95] [Medline: 23556434]
62. Brown K, Eernstman N, Huke AR, Reding N. The drama of resilience: learning, doing, and sharing for sustainability.
Ecology and Society 2017;22(2):8. [doi: 10.5751/ES-09145-220208]
63. Williams AJ. Guess who?. Truro: Smartline Project; 2020 May 26. URL: https://smartline-exeter.squarespace.com/
main-content-area/guess-who [accessed 2021-01-11]
64. Buckingham S, Walker T, Morrissey K. P94 The feasibility and acceptability of digital technology for health and wellbeing
in social housing communities in Cornwall: a qualitative scoping study. Journal of Epidemiology and Community Health
2020;74(Suppl 1). [doi: 10.1136/jech-2020-SSMabstracts.186]
JMIR Public Health Surveill 2021 | vol. 7 | iss. 2 | e25037 | p. 15http://publichealth.jmir.org/2021/2/e25037/
(page number not for citation purposes)
Williams et alJMIR PUBLIC HEALTH AND SURVEILLANCE
XSL•FO
RenderX
65. Phoenix C, Osborne NJ, Redshaw C, Moran R, Stahl-Timmins W, Depledge MH, et al. Paradigmatic approaches to studying
environment and human health: (Forgotten) implications for interdisciplinary research. Environmental Science & Policy
2013 Jan;25:218-228. [doi: 10.1016/j.envsci.2012.10.015]
66. Ford E, Boyd A, Bowles JKF, Havard A, Aldridge RW, Curcin V, et al. Our data, our society, our health: A vision for
inclusive and transparent health data science in the United Kingdom and beyond. Learn Health Syst 2019 Jul;3(3):e10191
[FREE Full text] [doi: 10.1002/lrh2.10191] [Medline: 31317072]
67. Ashby D. Pigeonholes and mustard seeds: growing capacity to use data for society. J. R. Stat. Soc. A 2019 Aug
25;182(4):1121-1137. [doi: 10.1111/rssa.12483]
68. European Structural and Investment Fund. GOV.UK. URL: https://www.gov.uk/guidance/
england-2014-to-2020-european-structural-and-investment-funds [accessed 2021-02-02]
Abbreviations
ANOVA: analysis of variance
PM2.5: atmospheric particulate matter that have a diameter of less than 2.5 μm
SME: small and medium-sized enterprise
Edited by Y Khader; submitted 20.10.20; peer-reviewed by K Schäfer, E Vanegas, A Fioravanti; comments to author 13.11.20; revised
version received 14.12.20; accepted 21.12.20; published 16.02.21
Please cite as:
Williams AJ, Menneer T, Sidana M, Walker T, Maguire K, Mueller M, Paterson C, Leyshon M, Leyshon C, Seymour E, Howard Z,
Bland E, Morrissey K, Taylor TJ
Fostering Engagement With Health and Housing Innovation: Development of Participant Personas in a Social Housing Cohort




©Andrew James Williams, Tamaryn Menneer, Mansi Sidana, Tim Walker, Kath Maguire, Markus Mueller, Cheryl Paterson,
Michael Leyshon, Catherine Leyshon, Emma Seymour, Zoë Howard, Emma Bland, Karyn Morrissey, Timothy J Taylor. Originally
published in JMIR Public Health and Surveillance (http://publichealth.jmir.org), 16.02.2021. This is an open-access article
distributed under the terms of the Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which
permits unrestricted use, distribution, and reproduction in any medium, provided the original work, first published in JMIR Public
Health and Surveillance, is properly cited. The complete bibliographic information, a link to the original publication on
http://publichealth.jmir.org, as well as this copyright and license information must be included.
JMIR Public Health Surveill 2021 | vol. 7 | iss. 2 | e25037 | p. 16http://publichealth.jmir.org/2021/2/e25037/
(page number not for citation purposes)
Williams et alJMIR PUBLIC HEALTH AND SURVEILLANCE
XSL•FO
RenderX
